Abstract. The present study aimed to identify a long non-coding (lnc) RNAs-based signature for prognosis assessment in gastric cancer (GC) patients. By integrating gene expression data of GC and normal samples from the National Center for Biotechnology Information Gene Expression Omnibus, the EBI ArrayExpress and The Cancer Genome Atlas (TCGA) repositories, the common RNAs in Genomic Spatial Event (GSE) 65801, GSE29998, E-MTAB-1338, and TCGA set were screened and used to construct a weighted correlation network analysis (WGCNA) network for mining GC-related modules. Consensus differentially expressed RNAs (DERs) between GC and normal samples in the four datasets were screened using the MetaDE method. From the overlapped lncRNAs shared by preserved WGCNA modules and the consensus DERs, an lncRNAs signature was obtained using L1-penalized (lasso) Cox-proportional hazard (PH) model. LncRNA-mRNA networks were constructed for these signature lncRNAs, followed by functional annotation. A total of 14,824 common mRNAs and 2,869 common lncRNAs were identified in the 4 sets and 5 GC-associated WGCNA modules were preserved across all sets. MetaDE method identified 1,121 consensus DERs. A total of 50 lncRNAs were shared by preserved WGCNA modules and the consensus DERs. Subsequently, an 11-lncRNA signature was identified by LASSO-based Cox-PH model. The lncRNAs signature-based risk score could divide patients into 2 risk groups with significantly different overall survival and recurrence-free survival times. The predictive capability of this signature was verified in an independent set. These signature lncRNAs were implicated in several biological processes and pathways associated with the immune response, the inflammatory response and cell cycle control. The present study identified an 11-lncRNA signature that could predict the survival rate for GC.
Introduction
Gastric cancer (GC) is the fifth leading cause of malignancy worldwide, with a 5-year survival rate of <10% (1, 2) . In China, it is the second most commonly diagnosed cancer in men and the third most commonly diagnosed cancer in women (3) . The poor prognosis is primarily attributable to patients being frequently identified at an advanced stage and therefore difficult to cure (4) . Early detection is key to improving survival rate of GC patients. Therefore, discovery of valuable molecular biomarkers is of significance for the facilitation of early diagnosis and effective prediction of prognosis and thereby contributing to improved outcomes in GC patients.
Long noncoding RNAs (lncRNAs) are defined as a group of non-protein-coding transcripts of greater than 200 nucleotides in length, which are characterized by tissue-specific expression patterns (5, 6) . With the number of lncRNAs being triple the number of protein-coding genes, lncRNAs are predicted to exhibit a more important role in basic, translational and clinical oncology than protein-coding genes (7) . Several lncRNAs have been demonstrated in GC, including H19 (8) (9) (10) , HOTAIR (11, 12) and ANRIL (13) . However, the association of lncRNAs with GC prognosis has not been fully elucidated. Although a recent study by Miao et al (14) reported a 4-lncRNA signature of prognostic value for GC patients, the signature is yielded by bioinformatics analysis of The Cancer Genome Atlas (TCGA) data only. A comprehensive analysis of gene expression data of GC patients from more databases is required for acquiring a more convincing prognostic lncRNAs signature.
In contrast with the study of Miao et al (14) , the present study performed an integrated analysis on GC gene expression data mined in the National Center for Biotechnology Information (NCBI), Gene Expression Omnibus (GEO), EBI ArrayExpress and TCGA repositories. The present study was mainly focused on revealing the critical lncRNAs involved in GC pathogenesis and the roles of the critical lncRNAs in the molecular mechanisms of GC. An 11-lncRNA signature was identified for prognostic risk assessment of GC patients using weighted correlation network analysis (WGCNA) network, the MetaDE method and a LASSO-based Cox-proportional hazard (PH) model. In addition, the prognostic significance of this signature was validated in an independent set. In order to reveal the molecular mechanisms of these critical lncRNAs, the lncRNA-mRNA interaction network was constructed for functional and pathway enrichment analysis. The results revealed that these critical lncRNAs can regulate the associated mRNAs to influence the immune response, inflammatory response and cell cycle in the pathogenesis of GC.
Materials and methods
Data resource and preprocessing. Gene expression profiles for GC were searched in publicly accessible GEO at the NCBI (http://www.ncbi.nlm.nih.gov/geo/) and EBI ArrayExpress (https://www.ebi.ac.uk/arrayexpress/). Inclusion criteria were: Human gene expression data; gastric cancer specimens and paired normal specimens; total count of specimens ≥50. Finally, Genomic Spatial Event (GSE) (15) 6580 and GSE29998 downloaded from NCBI GEO and E-MTAB-1338 from EBI ArrayExpress were selected in the present study (Table I) .
Raw data (TXT) in GSE6580, GSE29998 and E-MTAB-1338 were subject to log 2 transformation by limma (version 3.34.0) software (16) (https://bioconductor.org/ packages/release/bioc/html/limma.html). Subsequently, the data were transformed from a skewed distribution to normal distribution, followed by median normalization. Based on the platform annotation files (Table I) , probe sets that were assigned with a RefSeq transcript ID and/or Ensembl gene ID were obtained, of which the probe sets labeled as 'NR' (non-coding RNA in the Refseq database) were selected. In addition, platform sequencing data was aligned with human genome (GRCh38) (17, 18) using Clustal 2 (http://www. clustal.org/clustal2/) (19) . The resulting lncRNAs and the above-mentioned lncRNAs annotated in Refseq database were combined and used in further analysis.
The present study also acquired mRNA-seq data of 384 GC samples and 26 normal controls from TCGA portal (https://gdc-portal.nci.nih.gov/), which did not require preprocessing. Common RNAs of the GSE6580, GSE29998, E-MTAB-1338 and TCGA sets were used for further analysis.
WGCNA network analysis. WGCNA (20) is a bioinformatics tool used to build a gene co-expression networks to mine network modules closely associated with dieases. Based on the common RNAs identified, WGCNA package (21) (version 1.61) in R 3.4.1 language was applied to identify GC-associated RNA modules (https://cran.r-project.org/web/packages/WGCNA/index.html) in the present study. The TCGA set was used as the training set, while GSE6580, GSE29998 and E-MTAB-1338 were selected as testing sets. Comparability of these 4 sets were assessed by correlation anaysis of RNA expression levels. A weighted gene co-expression network was built as previously described (20) . Briefly, the soft threshold power of β was determined using scale-free topology criterion. Following the removal of RNAs with coefficients of variation <0.1, the weighted adjacency matrix was then developed. A dynamic tree cut algorithm was used to mine modules with a module size ≥30 and a minimum cut height of 0.95. In addition, preservation of modules in all 4 datasets was examined using the module preservation function of the WGCNA package. In addition, functional annotation of the modules identified was investigated using the userListEnchment function of WGCNA package.
Identification of consensus differentially expressed RNAs.
Consensus differentially expressed RNAs (DERs) between GC specimens and normal control specimens across the 4 datasets (GSE6580, GSE29998, E-MTAB-1338 and TCGA) were identified with metaDE package (22, 23) (https://cran.r-project. org/web/packages/MetaDE/) in R language version 3.4.1. The cutoff was set at tau2=0, Qpval>0.05, P<0.05 and false discovery rate (FDR)<0.05. tau2 denotes the amount of heterogeneity while Qpval denotes heterogeneity of a dataset. The common lncRNAs shared by the list of consensus DERs and the RNAs in the preserved WGNCA modules were selected for further analysis.
Development of a prognostic risk scoring system for GC. L1-penalized (lasso) characterized by simultaneous variable selection and shrinkage is a useful method for determining interpretable prediction rules in high-dimensional data (24) . In order to determine an lncRNA signature for prognosis, the penalized package (24) in R language (version 3.4.1) was applied to fit a lasso Cox-PH (25) to the overlapped lncRNAs. Based on the optimal lambda value that was selected through a 1,000 cross-validations, a panel of prognostic lncRNAs was determined. An equation for calculating risk score was generated based on the expression levels of these prognostic lncRNAs and their regression coefficients from the Cox-PH model as follows:
Risk score=βlncRNA1 x exprlncRNA1 + βlncRNA2 x exprlncRNA2 + · ···· + βlncRNAn x exprlncRNAn Risk score was calculated and assigned to each patient in the training set (TCGA set, Table II ). With the median risk score as cutoff, all patients in the training set were split into a high-risk group and a low-risk group. Overall survival (OS) time and recurrence-free survival (RFS) time of the two risk groups were analyzed and compared by Kaplan-Meier survival analysis and the logrank test.
The robustness of the risk scoring system was validated in an independent dataset (GSE62254) (26) downloaded from NCBI GEO (platform: GPL570, Affymetrix Human Genome U133 Plus 2.0 Array). GSE62254 included the gene expression data of 300 GC tissue samples (Table II) . Raw data was preprocessed using an oligo (27) package in R language (version 3.4.1). Risk score and risk groups were determined similarly for the GSE62254 dataset. Discrepancies in OS time and RFS time between the risk groups were analyzed using Kaplan-Meier survival analysis and the log rank test.
Functional analysis of prognostic lncRNAs.
To investigate the biological function of these prognostic lncRNAs identified above in GC tumorigenesis, lncRNA-mRNA networks were constructed for them based on the correlation coefficients between RNAs from WGCNA modules. Gene ontology (GO; http://www.geneontology.org/) function and Kyoto Encyclopedia of Genes and Genomes (KEGG; https://www. kegg.jp/) pathway enrichment analysis was performed for the RNAs in these lncRNA-mRNA networks by DAVID Bioinformatics Tool (28,29) (version 6.8; https://david-d. ncifcrf. gov/).
Results

RNA expression data.
Following data preprocessing, the present study identified 17,693 common RNAs in the GSE6580, GSE29998, E-MTAB-1338 and TCGA sets, including 14,824 mRNAs and 2,869 lncRNAs (Table III) .
WGCNA network and modules. Based on these common RNAs, WGCNA was used to mine GC-associated modules, with TCGA set as the training set and GSE6580, GSE29998, E-MTAB-1338 as validation sets. The correlation of gene expression between these sets was in the range of 0.4-1 with P<1x10 -200 ( Fig. 1) , indicating good comparability between the sets. For adjacencies calculation, the soft threshold power of β was determined to be 5 when the scale-free topology fit (scale-free R 2 ) achieved 0.9 (Fig. 2) . A total of 11 modules (black, blue, brown, green, grey, magenta, pink, red, turquoise, yellow and purple) were mined with WGCNA for the TCGA dataset. In the resulting dendrogram (Fig. 3A) , these modules were represented by branches in different colors. Module mining was also conducted in GSE29998, GSE6580 and E-MTAB-1338. The gene dendrograms are presented in Fig. 3B -D.
As illustrated in a gene multi-dimensional scaling (MDS) plot (Fig. 4A) , RNAs of the same module were prone to cluster together, suggesting similar expression patterns of RNAs in the same module. A hierarchical clustering analysis of the 11 modules identified that the associated modules clustered together, such as the black module and the yellow module, the pink module and the purple module, the magenta module and the red module, and the grey module and the turquoise module (Fig. 4B ). Not unexpectedly, these modules were also close to each other in the module MDS plot (Fig. 4C ).
In addition, out of the 11 modules, black, blue, brown, turquoise and yellow modules with Z-score >5 were identified to be well preserved across the GSE6580, GSE29998, E-MTAB-1338 and TCGA sets (Table IV) . Functional annotation of the 5 modules was performed using WGCNA package (Table IV) . The black module was associated with digestion. The blue module was associated with immune response. The brown module was correlated with cell cycle. The turquoise module was associated with cell adhesion. The yellow module was linked to protein amino acid glycosylation (Table IV) .
Consensus DERs. The metaDE package identified 1,121 consensus DERs in the GSE6580, GSE29998, E-MTAB-1338 and TCGA sets, of which 255 were lncRNAs. A heatmap of these consensus DERs was generated by heatmap.sig.genes function in MetaDE package (Fig. 5) . Clearly, expression patterns of these consensus DERs were similar in 4 datasets. Furthermore, 288 RNAs were overlapped between the 5 Figure 2 . Net topology analysis for optimizing soft-threshold power. (A) The scale-free fit index (scale-free R 2 , y-axis) as a function of the soft-threshold power (x-axis). When the scale-free topology fit reaches 0.9 (red line), the soft threshold power is 5. (B) The mean connectivity (degree, y-axis) as a function of the soft threshold power (x-axis). When the soft threshold power is 5, the mean connectivity is 2 (red line). Figure 1 . Analysis of comparability of the TCGA, GSE29998, GSE65801 and E-MTAB-1338 sets. Each panel presents the correlation of ranked expression of genes between 2 datasets. Cor value and P-value are calculated using the WGCNA package. TCGA, The Cancer Genome Atlas; GSE, Genomic Spatial Event; WGCNA, weighted correlation network analysis; Cor, correlation coefficient. preserved modules and the list of consensus DERs (Fig. 6A ). Among these overlapped RNAs, 50 were lncRNAs, of which 32 were included in the blue module, 14 in the brown module, 3 in the turquoise module and 1 in the yellow module (Fig. 6B ).
Development and validation of an lncRNAs-based risk scoring system. Based on the expression of these overlapped lncRNAs in the TCGA set, the LASSO-based Cox-PH model identified an 11-lncRNA signature that was significantly asso- Fig. 7A ). Prognostic performance of this 11-lncRNA signature-based risk scoring system was tested in an independent set (GSE62254). All 300 patients in GSE62254 were divided into a high-risk group (n=150) and a low-risk group (n=150) by risk score. Similarly, OS time (54.79±31.83 months vs. 46.40±31.83, logRank P=0.0311) and RFS time (37.45±31.08 months vs. 29.99±28.11, logRank P=0.0282) were markedly elongated in the low-risk group relative to the high-risk group (Fig. 7B ).
Function analysis of the 11-lncRNA signature. Among the 11 signature lncRNAs, 9 lncRNAs (FLVCR1-AS1, H19, LINC00221, MUC2, RSS30P, SCARNA9, TP53TG1, XIST and ARHGAP5-AS1) were involved in the blue module, whereas another 2 lncRNAs (HOTAIR and MCF2L-AS1) were present in the brown module. Correlations between the 9 lncRNAs in the blue module and mRNAs revealed by the HLA-DMA, HLA-DQA1
WGCNA were used to construct an lncRNA-mRNA network (Fig. 8A) . Similarly, another lncRNA-mRNA network was built for the 2 lncRNAs (HOTAIR andMCF2L-AS1), in the brown module (Fig. 8B) . The genes in the lncRNA-mRNA network that correlated with the 9 prognostic lncRNAs in the blue module were significantly associated with 23 GO biological process terms (including immune response, regulation of cell activation and regulation of lymphocyte activation) and 8 KEGG pathways (including cell adhesion molecules, allograft rejection and cytokine-cytokine receptor interaction; Table VI ). The genes in the lncRNA-mRNA network that correlated with HOTAIR and MCF2L-AS1 were mainly associated with the cell cycle phase, cell cycle and mitotic cell cycle. In addition, 4 KEGG pathways were enriched for the genes in this lncRNA-mRNA network including cell cycle, DNA replication, progesterone-mediated oocyte maturation and steroid biosynthesis pathways (Table VII) .
Discussion
A growing number of studies have demonstrated that aberrantly expressed lncRNAs are implicated in GC tumorigenesis and progression (30, 31) . Nonetheless, the prognostic significance of lncRNAs in GC remains to be elucidated. Based on the common RNAs data and corresponding clinical information of GC patients and normal controls which were obtained through data mining in NCBI GEO, EBI ArrayExpress and TCGA, a 11-lncRNA prognostic signature was identified by a series of bioinformatics analyses featuring WGCNA, the MetaDE method and a LASSO-based Cox-PH model. Furthermore, it was identified that patients could be classified into a high-risk group and a low-risk group by the risk score based on the 11-lncRNA signature in the training set, with noticeable separations being observed in the Kaplan-Meier curves between the 2 groups. The high-risk group exhibited significantly longer OS time and PFS time compared with the low-risk group. The predictive ability of risk score was confirmed in an independent set. Therefore, the present study demonstrated that the 11-lncRNA signature has the potential for assessing survival rate of GC patients. The 11-lncRNA signature determined in the study was comprised of FLVCR1-AS1, H19, LINC00221, MUC2, PRSS30P, SCARNA9, TP53TG1, XIST, ARHGAP5-AS1, HOTAIR and MCF2L-AS1. Among these lncRNAs, H19 is identified to be upregulated in plasma of GC patients and is proposed as a diagnostic biomarker (8) . Increasing evidence also demonstrates that H19 upregulation promotes GC proliferation, migration and invasion (9, 10) . It has been established that MUC2 is associated with outcome of GC patients (32) . lncRNA X inactive specific transcript (XIST) encoded by XIST gene acts as a regulator of X inactivation in mammals (33) . Chen et al (34) observed upregulated XIST in GC tissue and identified that this lncRNA serves a regulatory role in GC progression via microRNA (miR)-101 and its direct target polycomb group protein enhancer of zeste homolog 2. HOTAIR transcribed from the HOXC locus is identified to be overexpressed in GC, which is a characteristic molecular alteration of GC (35) . Furthermore, there is evidence that HOTAIR functions as a GC oncogene through regulating the expression of human epithelial growth factor receptor 2 by competing with miR-331-3p (12). Investigation of lncRNA profiles in human cancer remains to be performed. Apart from H19, MUC2, XIST and HOTAIR, other prognostic lncRNAs have not been identified in GC. FLVCR1-AS1 has been reported in lung adenocarcinoma by a study based on an miR-lncRNA-mRNA network (36) . TP53TG1 is a critical lncRNA responsible for correct response of p53 to DNA damage and acts as a tumor suppressor (37) . There is evidence that TP53TG1 expression is elevated in human glioma tissue and TP53TG1 under glucose deprivation may promote cell proliferation and migration by influencing the expression of glucose metabolism associated genes in glioma (38) . LINC00221 has been reported to be aberrantly expressed in bladder cancer (39) . Li et al (40) noted that PRSS30P is upregulated in lung adenocarcinoma. SCARNA9 is observed to be overexpressed in breast cancer cells on exposure to cadmium (41) . However, ARHGAP5-AS1 and MCF2L-AS1 are rarely studied in cancer. In future studies, the expression levels of ARHGAP5-AS1 and MCF2L-AS1 will be investigated in clinical samples of GC patients since the prognostic value of these lncRNAs was observed for GC.
Correlations between the critical lncRNAs and mRNAs revealed by the WGCNA were used to construct lncRNA-mRNA networks. In order to investigate the molecular mechanisms of the 11 prognostic lncRNAs in GC, GO function and KEGG pathway enrichment analysis were performed for the genes in the construct lncRNA-mRNA networks. The results demonstrated that the genes correlated with the 9 lncRNAs in the blue module (FLVCR1-AS1, H19, LINC00221, MUC2, RSS30P, SCARNA9, TP53TG1, XIST and ARHGAP5-AS1) were associated with the immune response, regulation of cell activation, regulation of lymphocyte activation and cytokine-cytokine receptor interaction. These results suggested that these 9 lncRNAs may serve important roles in the pathogenesis of GC by regulating their associated genes to affect the immune and inflammatory responses. The genes associated with the 2 lncRNAs (HOTAIR and MCF2L-AS1) in the brown module were revealed to be implicated in cell cycle regulation. This indicated that ARHGAP5-AS1 and MCF2L-AS1 may also be critical in the pathogenesis of GC by regulating their associated genes to influence the cell cycle. A growing body of evidence demonstrates the important roles of inflammation, immune and dysregulated cell cycle control in tumor growth and progression (42) (43) (44) . Therefore, it can be concluded that the 11 critical lncRNAs may participate in the development and progression of GC by regulating their correlated genes to influence the immune response, inflammatory response and cell cycle.
Based on bioinformatics analysis of existing gene expression data from NCBI GEO, EBI ArrayExpress and TCGA, the present study identified an 11-lncRNA signature that could be used for predicting survival rate of GC patients. These 11 critical lncRNAs may participate in the pathogenesis of GC by regulating their correlated genes that are associated with the immune response, inflammatory response and cell cycle. It is hoped that the present study may contribute to an improved understanding of the pathogenesis involved with lncRNAs in GC development and progression. Validation of this 11-lncRNA signature in large cohorts of GC patients and clinical trials are also essential in further investigation. GO, gene ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; lnc, long non-coding; FDR, false discovery rate.
